Chemically staining metaphase chromosomes resulting in an alternating dark and light banding pattern provide a tool by which abnormalities in chromosomes from diseased cells can be identified. The localization of these aberrations to a chromosomal region provides clues as to which gene or genes may contribute to a particular disease. With the sequencing of the human genome, it became critical to determine the positions of these cytogenetic bands within the sequence in order to take advantage of vast amount of information now anchored to the sequence, especially the locations of genes. The molecular basis of cytogenetic bands is not well understood, therefore their positions cannot be determined solely based on sequence information. We developed a dynamic programming algorithm that employs results from $9500 fluorescence in situ hybridization experiments to approximate the locations of the 850 high-resolution bands in the June 2002 version of the draft human genome sequence. These band predictions support previously identified correlations between band stain intensity and certain structural characteristics of chromosomes, namely GC content, repeat structure content, CpG island density, gene density and degree of condensation.
INTRODUCTION
Until the 1970s, cytogeneticists had only the size of each chromosome and the positions of their centromeres as visual guides to distinguish each chromosome and to study them. In 1968, it was discovered that metaphase chromosomes in plants could be chemically stained with quinacrine mustard or quinacrine dihydrochloride to produce a specific banding pattern (1) . In 1970, an analogous banding pattern was produced for human chromosomes (2) . This quinacrine banding, or Q-banding, provides landmarks allowing each chromosome to be identified more easily and enabling a more precise study of aberrations. The number of each type of chromosome in a cell can be better ascertained to reveal numerical abnormalities. Insertions, deletions, inversions, rings and translocations can be seen as changes in the normal banding pattern with specific deviations in the banding pattern providing evidence as to the actual DNA sequence affected.
By more precisely characterizing aberrations, cytogeneticists can better investigate the consequences of a particular abnormality. Most numerical abnormalities are lethal, and those few that are not result in abnormal development, such as Down's Syndrome, in which cells have an extra copy of chromosome 21 (3) . Structural abnormalities can result in the improper expression of one or more genes that are responsible for, or contribute to, the phenotypes of certain diseases. The most famous example of this is the Philadelphia chromosome that was shown to cause chronic myeloid leukemia (CML) (4, 5) . In this case, two genes, BCR from chromosome 9 and ABL from chromosome 22, are fused together during a translocation between these chromosomes (6) . The disease that results can be treated by a drug, GLEEVEC, designed to inhibit the fusion protein (7, 8) .
The draft human genome sequence (9) provides precise positions of curated genes from the RefSeq database (10) , as well as locations of predicted genes generated computationally (11) (12) (13) (14) (15) within each chromosome. The integration of the cytogenetic map with this draft sequence provides cytogeneticists with the necessary link to this molecular-based resource. Given a chromosomal abnormality in a diseased cell where the affected region has been cytogenetically mapped, the corresponding area in the draft sequence can be easily determined, and then investigated for potential disease genes. This is a much more efficient method of identifying genes for further study as compared with more traditional techniques such as positional cloning (16) .
The molecular basis for cytogenetic bands is not completely understood. Previous research has shown that staining intensity is highly correlated with certain structural features of the chromosome such as GC content (17) (18) (19) , the density of LINE and SINE repetitive elements (20) (21) (22) , CpG island density (23), gene density (24, 25) , degree of condensation (26, 27) , and early or late replication during mitosis (18, 28) . It has been hypothesized that the banding pattern may be related to the scaffold-loop structure of chromosomes (29) or to the differences in GC content between neighboring regions (30) . A precise formula for determining cytogenetic band locations based on this information has yet to be determined.
We employ experimental data to predict band locations in the draft sequence. This data consists primarily of results from thousands of fluorescence in situ hybridization (FISH) experiments (31) made available by the BAC Resource Consortium (32) . Sequence-related information for each of the large insert clones mapped to a cytogenetic location by FISH can be obtained from the Human BAC Resource website (www.ncbi.nlm.nih.gov/genome/cyto/hbrc.shtml) hosted by the National Center for Biotechnology Information (NCBI). This information consists of either the full sequence of the clone, the sequence of one or both of the ends of the clone, and/ or STS markers known to be contained in the clone for which primer sequence or full sequence information is available. Each of these provides the ability to determine a position for the clone in the draft human genome sequence, thus providing the necessary link between the cytogenetic map and the sequence.
In addition to the FISH mapped clones, we depend on two other sources of information. First, the length of each band has been estimated visually, and each band has been assigned an estimated percentage of the total bases in each chromosome (33) . These 'percentage lengths' provide rough estimates of the sizes of the bands, but due to the inaccuracies in these estimates, the incomplete nature of the draft sequence, and the presence of inaccuracies in the draft sequence, simply calculating band boundaries based on these percentage lengths creates contradictions with other experimental data, as we show in the Results section. Second, centromeres, the variable heterochromatic regions on chromosomes 1, 9 and 16, the short arms of the acrocentric chromosomes 13, 14, 15, 21 and 22, and the variable region at the q-terminus end of chromosome Y are essentially unsequenced and are represented by large gaps in the draft sequence. The locations of these gaps can be easily identified, and each corresponds to one or more specific bands. Thus, these large sequence gaps are used to anchor the cytogenetic map to the draft sequence in these locations.
We developed a dynamic programming algorithm for estimating the boundaries of each of the bands in the draft sequence. Although initially staining was done using quinicrine, staining using a Giemsa (G) dye has become standard, and thus it is this G-banding pattern that we predict. The G-banding pattern is nearly identical to the original Q-bands (34). Our algorithm is described in detail in the Materials and Methods section.
RESULTS
We predicted the locations of the cytogenetic bands at the 850-band resolution in the June 2002 draft human genome sequence. This resolution actually defines 862 bands, and assigns each to a class (34) . The pericentromeric region class consists of 48 bands, variable length heterochromatic regions cover 17 bands, and each of the stalks in the five acrocentric chromosomes is assigned one band. The remaining 792 bands are divided into five classes based on their staining intensity. The Gpos100 class consists of the darkest staining bands, with the Gpos75, Gpos50 and Gpos25 classes containing progressively lighter staining G-positive bands. The Gneg class consists of the non-staining G-negative light bands. Figure 1 shows ideograms for three chromosomes based on our cytogenetic band predictions alongside the standard ideograms for the 850-band resolution. Ideogram comparisons for the full set chromosomes can be found at the supplementary website www.soe.ucsc.edu/research/compbio/cytobands/. In general, the correspondence between the banding patterns is very good. There are several possible reasons for differences between the sizes of certain bands. First, the standard ideograms are based on visual estimates of the lengths of bands (34) , and these may have been under-or overestimated in terms of the actual number of bases. We show later that it appears that the lengths of the darkest bands were consistently underestimated, while the opposite is true of the lighter bands. Second, the draft genome assembly is still not completely accurate, and the artefactual duplication of sequence, the omission of sequence due to an overcollapse of a region, and the incorrect estimation of the size of unsequenced regions can adversely affect the predicted size of a band. Lastly, the FISH data on which these predictions are based may contain errors leading to inaccurate predictions. In fact, we determined that more than 10% of the FISH mapped clones were in direct contradiction with one or more other clones. By this we mean that the relative position of two clones in the cytogenetic map based on FISH mapping disagreed with the relative positions of the same clones in the draft sequence.
These predictions can be viewed as the Chromosome Band annotation track in the UCSC Human Genome Browser (35) at www.genome.ucsc.edu. Analogous predictions are available on all of the assembled genome sequences viewable through this browser. The exact base pair locations can be downloaded from the annotation database listed on the corresponding Downloads page (http://genome.ucsc.edu/downloads.html). The cytogenetic band information in the Ensembl Genome Browser (www.ensembl.org/Homo_sapiens/) is also based on these predictions.
Using either of these genome browsers, researchers can now move directly from cytogenetic experimental results to sequence based annotations. In the UCSC Human Genome Browser, a band name can simply be entered in the 'position' text box to view information corresponding this region in the genome including curated and predicted genes. A user's guide detailing how to use the UCSC Human Genome Browser and its many features can be found at http://genome.cse.ucsc.edu/ goldenPath/help/hgTracksHelp.html.
In the process of determining band positions, we identified unique locations for 8926 FISH mapped clones in the June 2002 draft sequence using either the full sequence of the clone, STS marker, and/or BAC end sequence data associated with the clone. The results for 9528 FISH experiments for these clones were obtained from the Human BAC Resource website at www.ncbi.nlm.nih.gov/genome/cyto/hbrc.shtml. (Some clones are mapped by multiple laboratories, thus there are more experimental results than actual clones.) The locations of these FISH mapped clones can be seen in the UCSC Human Genome Browser as the FISH Clones annotation track.
A particular clone's location can be found by typing in the name of the clone into the 'position' text box. The user's guide mentioned above provides instructions on how detailed information about each clone can be viewed.
Of the clones whose position could be determined, there are 179 instances in which the chromosome assigned to the clone during the FISH experiment disagreed with the chromosome in which the clone sequence is placed in the draft human genome sequence. Another two clones are located in genomic sequence that could not be reliably placed in this assembly. This leaves 9347 FISH results that are the primary inputs to Bander, our algorithm to estimate the locations of the cytogenetic bands that is fully described in the Materials and Methods section.
Based on our predictions, we calculated the number of concordant FISH-mapped clones, where by concordant we mean that the band assigned by our algorithm to the location of the FISH clone in the draft sequence is among those bands to which the clone was FISH mapped. We determined that 8116 of the 9347 clones are concordant (86.8%). Another 669 (7.2%) clones are within 1 Mb of a band to which it was FISH mapped, and 193 (2.1%) are between 1 and 5 Mb of a FISHmapped band. As described in the Materials and Methods section, we weighted the results from FISH experiments performed at NCI very heavily due to their use of a highly accurate technique (36) . As expected, the concordance rate for these clones is very high [1206 of 1233 (97.8%) concordant, 19 (1.6%) within 1 Mb]. Of the 862 actual bands defined at this resolution, 837 had at least one clone FISH mapped to a range including that band. Of these, 826 predicted bands contained at least one concordant clone in the draft sequence with 795 containing two or more concordant clones. For comparison, we also determined band boundaries using two other methods. For the first, we simply used the ISCN percentage lengths, although still using the centromere positions to anchor pericentromeric bands. The second predicted boundaries such that the maximum number of FISH clones would be concordant, which is basically our method minus the heavy weighting of the NCI FISH mapped clones. Table 1 compares our method with these other two in terms of concordance with all FISH clones, and specifically with NCImapped clones. It is easily seen that the ISCN percentage length predictions do not agree as well with the empirical data. Using the maximum concordance method does increase the number of concordant FISH clones, as it is designed to do, but this increase is slight. The percentage of concordant NCI clones is much higher for Bander compared with the other two methods. Careful examination shows that sets of clones mapped at different centers can sometimes be out of register with each other, causing contradictions in the data. Over 10% have contradictory FISH mappings given their placement in the draft assembly. Given the greater reliability of the NCI FISH mapping, Bander's predictions appear to be the most accurate due to its much higher concordance with this set of clones.
We have created plots to show the correspondence between predicted cytogenetic bands and the FISH clone data. The plot for chromosome 12 can be seen in Figure 2 . Plots for all chromosomes are available at http://genome.ucsc.edu/ goldenPath/mapPlots/.
The percentage of GC bases has been shown to be correlated with the band stain (17) (18) (19) 30) with low GC content associated with G-positive bands. Analyzing the GC content of our band predictions given a genome-wide average of 40.8% shows that this correlation strongly holds with the darkest two classes of G-positive bands, although not quite as well with the lighter G-positive staining bands. GC percentage progressively increases from a low of 36.7AE 1.1% for the Gpos bands, to 38.5AE 1.8% for Gpos75 bands, 41.2AE 2.8% for Gpos50 bands, and 43.5AE 3.6% for Gpos25 bands. While the majority of GCrichest bands are negatively staining Gneg bands, this class of bands is known to be much less homogeneous with respect to GC content (37) . The average GC content in our predictions is calculated at 42.7AE 4.6%, which clearly reflects this heterogeneity.
Previous studies have shown that G-positive bands are enriched in LINEs and not in SINEs, while G-negative bands have the inverse properties (20) (21) (22) . SINE and LINE repetitive elements are identified in the draft genome sequence using RepeatMasker (A.F.A. Smit and P. Green, unpublished data). Using this information, we calculate the percentage of bases in each band that is contained in a SINE or LINE with overall genome-wide averages being 13.6% of all bases in SINEs and 21.0% in LINEs. The dark staining Gpos100 and Gpos75 bands adhere to this correlation with 25.1 AE 5.1% LINE/ 8.4 AE 1.9% SINE and 22.9 AE 4.1% LINE/10.7 AE 3.1% SINE, respectively. The lighter staining Gpos50 and Gpos25, along with the G-negative bands, are more ambiguous. Gpos50 consisted of 20.9 AE 6.0% LINEs and 14.1 AE 5.5% SINEs, almost exactly the genome-wide averages. Gpos25 is 18.1 AE 5.7% LINEs and 18.5 AE 7.7% SINEs showing little difference between the content of each type of repeat. The Gneg bands seemingly contradict these studies with 19.2 AE 6.6% LINEs and 15.7 AE 6.6% SINEs, although the LINE content is below and SINE content above the genomewide averages. We also calculated the average length of each type of element in the five classes, and found that, among the G-positive classes, the average length of LINE elements increased and of SINE elements decreased as the stain intensity became stronger. The average lengths range between 527 bp for LINEs and 217 bp for SINEs in Gpos100 bands to 374 bp for LINEs and 225 bp for SINEs in Gpos25 bands. For Gneg bands, average LINE length is 400 bp and SINE length is 224 bp. This suggests that there is a better correlation between the lengths of each type of repetitive element and staining intensity rather than total content.
It has been reported that there exists a correlation between gene density and cytogenetic bands (24, 25) , with the G-negative containing a much higher number of genes than G-positive bands. A full set of gene sequences and their locations is still being compiled. At present, one of the most complete and accurate collections of genes is the set in the RefSeq database (10) , which provides the corresponding mRNA sequences. Alignments of these sequences to the draft sequence were taken from the UCSC Genome Browser. The current set used contains 16 099 distinct mRNA sequences.
Gene density may be calculated in several ways. The simplest is to determine the average number of genes per band for each band type. Doing this, we find that Gpos100 bands contain 11.8 genes per band (gpb), Gpos75 bands 13.8 gpb, Gpos50 bands 16.0 gpb, Gpos25 bands 22.3 gpb, and Gneg 24.4 gpb. Another is to calculate the percentage of bases in each band class that is contained in a coding exon. Results from this calculation show that 0.27% of Gpos100 bands, 0.43% of Gpos75 bands, 0.67% of Gpos50 bands, 1.12% of Gpos25 bands, and 0.97% of Gneg bands fall into coding regions. Both of these statistics support the gene density correlation.
We also explored structural differences between genes in each of the band classes. The number of exons per gene is fairly consistent among the classes with all but Gpos100 averaging close to 10 exons per gene. The Gpos100 bands averaged slightly more at about 11.5 exons per gene. Likewise, the size of the exons did not vary greatly among classes ranging from 235 bp per exon in the Gpos25 bands to 258 bp in the Gpos75 bands. A drastic difference is seen in the sizes of introns, though. The average size of an intron in Gpos100 bands is calculated at 10355 bp, in Gpos75 bands is 8513 bp, in Gpos50 bands is 5792 bp, in Gpos25 is 4177 bp, and in Gneg is 4547 bp.
CpG islands have been shown to be found near coding regions, thus it is not surprising that there was also found a correlation between their density and the staining intensity of a band (23) . Using the annotation available on the UCSC Genome Browser, we calculated the percentage of bases in each band class that are contained in CpG islands. We found that 0.17% of Gpos100 bands, 0.32% of Gpos75 bands, 0.56% of Gpos50 bands, 1.07% of Gpos25 bands and 1.04% of Gneg bands fall into CpG islands. An even stronger correlation is seen when examining the average number of CpG islands found in bands of each class, which is 14.7 for Gpos100 bands, 18.0 for Gpos75 bands, 23.3 for Gpos50 bands, 36.3 for Gpos25 bands, and 43.2 for Gneg bands. As chromosomes condense during mitosis, it has been shown that regions corresponding to the G-positive bands condense earlier than those regions corresponding to G-negative bands (26, 27 ). An estimate of the size of each band was previously made by measuring the sizes of the bands in stained metaphase chromosomes (33) . If G-positive bands condense sooner, then we might expect that differences between the sizes of our predicted bands and these visually estimated sizes would tend to be such that our predictions contain more bases in G-positive bands, and fewer bases in G-negative bands. This is exactly what we found. On average, our predicted Gpos100 bands are 24% longer than what was previously estimated. Likewise, Gpos75 bands are 16% longer, Gpos50 bands are 9% longer, and Gpos25 bands are 4% longer. In contrast, Gneg are 2% shorter than previously estimated. (Note: G-negative bands are longer on average than G-positive bands, and the bands in acrocentric and variable heterochromatic regions are also shorter than previously estimated.) Thus there is consistent evidence that our method is effectively correcting for biases in the visually constructed band sizes.
DISCUSSION
The field of cytogenetics has played and continues to play a central role in human disease research (38) . The discovery of the ability to chemically stain metaphase chromosomes provided a technological boost that fueled many important discoveries in the fields of disease and medicine. Though more recently developed experimental techniques such as FISH (31) , comparative genomic hybridization (39) , and spectral karyotyping (40) allow cytogeneticists to more precisely investigate chromosomal abnormalities, cytogenetic band analysis is still used extensively in research and medical diagnosis.
The sequencing of the human genome has provided the scaffold on which to assemble a wide range of genetic information to the benefit of research in numerous fields. In order for cytogeneticists to fully take advantage of this resource, it became essential to integrate the cytogenetic map with this sequence data to create links to past research and to guide current research. It is unreasonable to expect that band locations can be precisely resolved to a base pair level, so any predictions of band boundaries must contain some amount of error. Our predictions are supported by their agreement with visual band assignments of more than 9000 FISH mapped clones, and many known correlations between the bands and other chromosome features such as GC content, SINE and LINE content, and gene density. With the predicted locations of the cytogenetic bands that we provide, researchers can easily navigate between the physical chromosomes seen through a microscope and the corresponding genome sequence.
MATERIALS AND METHODS
The band boundary problem, or estimating the locations of the cytogenetic bands in the draft sequence, can be viewed as determining an alignment of the cytogenetic map with the draft sequence. We view the problem as determining what sequence should be used to define the extent of each band. Hidden Markov models (HMMs) (41, 42) have been used for many biological sequence-related problems such as gene finding (14), protein structure prediction (43) , and remote protein homology searching (44) . Our algorithm essentially consists of using an HMM to solve this problem, but with a few minor deviations from the strict definition.
In brief, an HMM defines a set of states, a set of symbols, and a set of transitions between states. In each state, a probability distribution is defined over the set of symbols that defines the likelihood of each symbol being emitted by the state. Another distribution defines the probability of transitioning from one state to another. Given an HMM and a sequence of symbols, we can enumerate a path of states where each state in the path emits one symbol, and this sequence of emitted symbols matches the input symbol sequence. The joint probability of observing this symbol sequence using this state path can then be calculated.
More formally, let X ¼ (x 1 , . . . , x N ) be a sequence of symbols, and let P ¼ (p 1 , . . . , p N ) be a path of states. Let e p i (x i ) be the probability of emitting symbol x i in state p i , and let a p i, p iþ1 be the probability of transitioning from state p i to state p iþ1 . The probability of producing sequence X using state path P is
where here p Nþ1 represents a special 'stop' state that emits no symbol. A dynamic programming algorithm, called the Viterbi algorithm (45), can be used to calculate the state path P such that P(X, P) is maximized given a particular sequence of symbols, X. For the band boundary problem, we define a set of states such that each state is associated with a particular cytogenetic band. The symbols they emit are abstracted blocks of DNA sequence from the draft sequence as described below. Thus, if a particular state 'emits' some block of DNA sequence, this implies that the sequence is contained in the band associated with the state. Given the complete draft sequence, we want to determine the most likely state path based primarily on the information associated with the FISH mapping data. This FISH mapping data consists of clones with a position in the cytogenetic map in the form of a band or range of bands, and a corresponding position in the sequence. The final state path details the state that is used to emit each block of DNA sequence in the chromosome, thus assigning the DNA to a band and defining the boundaries of each band.
There are less than 9000 FISH mapped clones that have been placed on the draft sequence. Therefore, it is unreasonable to expect to resolve the band boundary problem down to an exact base pair. Instead, we divide the draft sequence into contiguous, non-overlapping 100 kb windows. This roughly translates into one FISH mapped clone per three windows. Our input sequence becomes the sequence of these windows for a particular chromosome. The calculated state path based on this input sequence, then, defines in which chromosome band each 100 kb window is predicted to be.
We impose a few constraints on our possible solutions to this problem through the design of the state transitions. We assign only contiguous regions of the draft sequence to a particular band. We also ensure that the band ordering in a chromosome matches standard order given in the ISCN 1995 manual (34) . Further, at least one state for every band must appear in the state path forcing each band to be assigned part of the draft sequence. To impose these constraints, we create a linear ordering of the band states such that all states associated with a particular band are contiguous, and the total ordering reflects the standard band order. 1,1 and b 1,2 ) , or 300 kb (use all three states). The final determination of its length will depend on the information in the sequence.
The lengths of the bands predicted by our algorithm should not deviate drastically from the percentage lengths, even though our analysis has shown that these lengths are not completely accurate. Therefore, we calculate the size of each band based on the percentage length and the size of the chromosome in the draft sequence. We divide this size by 100 000 giving the number of states, where a state corresponds to 100 kb, that would be needed to create a band of this size. For example, if the percentage lengths estimate the size of a band at 2 Mb, we would need to create 20 states. To allow some deviation from the standard percentage length, we triple this number of states to determine the actual number of states used in the model for a particular band. For a 2 Mb band, then, we create 60 states to be associated with it. In effect, this limits the size of a band to the less than or equal to three times its percentage length size. The final state path, then, consists of only a fraction of the states created.
Given the absence of any data, we want a state path that favors predicted band boundaries that more closely reflect the percentage lengths since this is the only information available. 
where p is a penalty factor for deviating from the percentage length size. These transition factors are analogous to transition probabilities, but are not true probabilities since the sum of the factors emanating from one state is greater than 1. For our predictions, we set P ¼ 0.008. These transaction factors are analogous to transition probabilities in HMMs. We call them factors since they do not define a valid probability distribution over the transitions from a state. Instead of estimating an emission probability for each possible 100 kb sequence for each state, we define a score that reflects how likely it is that this 100 kb window is contained within the band associated with a state. This score is based on the FISH mapping data for the 100 kb window. Let X ¼ (x 1 , . . . , x N ) be the sequence of 100 kb windows for a chromosome. Each FISH mapped clone is assigned to a single x i using the midpoint of the clone's placement on the draft sequence. Let f i ¼ ( f i,1 , . . . , f i,F ) be the FISH mapped clones contained in window x i . For each window x i and each band b j , we calculate a score s i,b j based on the evidence provided by f i,k that x i belongs in band b j . We do not consider each FISH mapped clone equally, but rather assign a weight w i,b j , k to each clone based on the following: A weight greater than 1.0 indicates that the clone supports the band assignment to some degree, and a weighting less that 1.0 indicates a disagreement. FISH experiments performed at NCI use a highly accurate technique (36), therefore we weight this data such that our band predictions will agree with this data unless it violates some other constraint, such as band contiguity. We weight data that maps a clone to a single band more than data that maps to a range of bands. Clones in which the band mapping only slightly disagrees are weighted more than those where the mapping is to a band far from b j . The exact values assigned to these weights are somewhat arbitrary, but tests indicate that slight deviations do not significantly affect the outcome. Based on this weighting scheme, we define the score s i,b j as In order to maintain the correspondence between the large gaps and the bands that correspond to the centromeric and variable heterochromatic regions, we create pseudo-FISH mapped clones positioned in the gaps. We weight these clones such that that the 100 kb windows in the large gapped regions will be mapped to the appropriate bands.
We use the basic Viterbi algorithm to determine the most likely state path (45, 46) . We use our scoring scheme instead of emission probabilities and our transition factors instead of transition probabilities. If P ¼ (p 1 , . . . , p N ) is the path of band states for a given sequence X ¼ (x 1 , . . . , x N ) of 100 kb windows, then define the score F(X, P) of this state path as where b p i is the band corresponding to state p i and a p i , p iþ1 is the transition factor between states p i and p iþ1 . The Viterbi algorithm finds the state path P that maximizes this score F(X, P). This path determines predicted band boundaries.
